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Abstract 

Plant diseases cause crucial damage in crops and can reduce crop productivity which 

in turn leads to economic loss to the farmers. It is difficult for the farmers to monitor and 

diagnose the exact causes for the disease with a naked eye in the early stages of farming 

is done on a large scale. Hence, an automated diagnosis using an image processing 

technique can be more effective in its early stages which can increase crop productivity.  

In this work, a novel algorithm is used to segment the infected part of leaves affected by 

various diseases in the brinjal plant.  Then, Discrete Cosine Transform based image 

fusion technique is used to combine the segmented image, which in turn improves the 

quality and reduces the redundancy of the image.  Further, the shape, color and texture 

features are extracted from the fused image to produce better performance.  These 

features are given as input to hybrid CNN to recognized different types of brinjal 

diseases by training with Stochastic Gradient Descent (SGD) to improve better 

performance. 

 

 

Keywords: Image fusion, Discrete Cosine Transform, Hybrid Convolutional Neural 

Network, Stochastic Gradient Descent.  

 

1. Introduction 
Agriculture is the backbone of the Indian economy. Most people depend only on 

agriculture for their livelihood. Brinjal (Solanum melongena) is one of the most 

cultivated vegetables in India. It is rich in vitamins, calcium and iron. It plays an 

essential role in curing human diseases such as measles, ulcers, liver problem and cardiac 

pain. But often Solanum melongena is affected by Bacterial wilt (pseudomonas 

solanacearum), Cercospora leaf spot (Cercospora solani), Alternaria leaf spot 

(Alternaria Melongenea), Tobacco Mosaic Virus (TMV) and Damping off (Pythium 

aphanidermatum). Apart from these diseases the brinjal plant is affected by weather and 

environmental conditions. Earlier detection of diseases plays a vital role in improving 

crop productivity. Diseases can be recognized by the naked eye but it is not easy for 

large area. For effective identification of plant diseases, new technologies are introduced 

in farms. Khirade and Patil (2015) proposed a leaf disease detection and classification by 

K-means clustering and Otsu’s method to partition the infected part of the leaf. Then 

feature extraction is performing to extract the feature of infected part and ANN 

classification for disease identification. Santanu Phadikar et al. (2008) focused on image 

processing techniques for disease detection in rice crops. Image segmentation, boundary 

detection and spot detection method are used to extract the feature of the infected parts of 
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the leaves. Then the zooming algorithm can be done by SOM (Self Organising Map) 

Neural Network for classifying the rice disease image.  

Dheeb Al Bashish et al., (2010) introduced the disease detection in leaf and stem. 

K-Means clustering is used for segmenting infected part of the disease. After segmenting, 

feature extraction is performed by CCM (Colour Co-occurrence Method) for texture 

analysis of infected part of leaf and stem. Zulkifli Bin Husin at al., (2012) proposed 

Fourier filtering, edge detection and morphological operations to detect chili plant 

disease. The color clustering technique is introduced to distinguish between chilli and 

non chilli leaves. Sandesh Raut et al., (2017) proposed K-means and multi SVM 

techniques for both leaf and fruit disease recognition. Prakash M. Manikar et al., (2015) 

presented K-means clustering, GLCM and BPNN techniques for identifying disease in 

tomato and potato leaf. Statistical value analysis is done by means of GLCM techniques. 

Pallavi S. Marathe et al., (2017) presented the GSM technique for perceiving the plant 

disease. Then Otsu’s method, K-means clustering is used for image segmentation to 

segment the infected part of the leaf. S. Ananthi et al., (2012) used a novel technique of 

SGDM method and classification of plant diseases based on viral, fungal and bacteria.  

W. Abudullakasim et al., (2012) presented ostu method for segmenting brown 

spot in cassava leaves and analysis severity level in the affected plant. P. Chaudhary et 

al., (2012) focused on color transformation to detect the disease in leaf image. Median 

filter is used to remove the noise occur in the image. Threshold is selected from the gray 

level image and extracted the spotted disease from the leaves. Darshana A. et al., (2015) 

proposed region based segmentation to detect the infected part of the disease region. This 

technique is compared with mean-shift segmentation to improve gray level energy and 

less discrete entropy. Barbedo. J. G. A et al., (2015) obtained an image processing 

technique to separate ROI from the cotton leaf affected by Myrothecium leaf spot and 

Areolate mildew diseases based on color histogram and attain76% accuracy on disease 

recognition. Mallikarjuna. P. B et al., (2012) proposed a novel algorithm for identifying 

frog-eye spots on tobacco leaf by classifying Anthracnose and frog eye disease part and 

healthy leaf.  Valliammal. N et al., (2015) proposed a new combination technique of 

discrete wavelet transform with K-Means clustering for segmenting disease area.  

 

2. Materials and methods  

The method for the recognition of disease on Brinjal leaves comprises five 

individual stages: image preprocessing, segmentation, image fusion, feature 

extraction and classification as shown in Figure.1 

 

2.1. Preprocessing of Image 

At first, the testing and training images are preprocessed using histogram equalization 

for the entire set of databases.  With the help histogram equalization, the intensity value 

is improved by the equation (1): 

                           𝐸(𝑥, 𝑦) = 𝑟𝑜𝑢𝑛𝑑 (
𝑓𝑐(𝑥, 𝑦) − 𝑓𝑚𝑖𝑛 × 𝐿 − 1

(𝑟 × 𝑐) − 𝑓
)                                 (1) 

 

     where f is a cumulative frequency of the color image, 𝑓𝑚𝑖𝑛 is a minimum value of 

cumulative distribution function, 𝑓𝑐(𝑥, 𝑦) is the intensity of current pixel, r and c is the 

number of pixels in rows and columns, respectively, and L is the number of intensities.  

Further, the images are resized to 256 × 256 pixels. 
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           Figure1. Flow diagram for the proposed disease detection 
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2.2. Scrape Spot segmentation  

The lesions appear as different spots on the surface of the leaf image.  A 

computer based diagnostic system can detect all the infected parts of the leaf.  The 

Bacterial wilt, Cercospora leaf spot and Alteraria melongenae appear as yellowish 

or greyish brown in color where as Tobacco Mosaic Virus and Pythium 

aphanidermatum have the highest contrast in green plane of the color image.  The 

morphological operation is performed in the leaf image to preserve the dark and 

bright regions to distinguish the infected part and the normal part of the leaves.  So 

the contrast enhancement is required to detect the dark and bright region by using 

an adaptive contrast enhancement technique given by equation (2) 

                                          𝐸(𝑥, 𝑦) = 255 ⌊
𝜎𝑓 − 𝜎𝑚𝑖𝑛

𝜎𝑚𝑎𝑥 − 𝜎𝑚𝑖𝑛
⌋                                             (2) 

 

     where 𝜎𝑓 is the dark region, and 𝜎𝑚𝑎𝑥 and 𝜎𝑚𝑖𝑛  are maximum and minimum intensity 

values in the image 

                                            𝜎𝑓 = ⌊1 + 𝑒𝑥𝑝 ⌊
𝜇 − 𝐼(𝑥, 𝑦)

𝜎
⌋⌋                                            (3) 

 

     where 𝜇 𝑎𝑛𝑑 𝜎 is the mean and variance of the leaf respectively. The mean of the 

intensity values inside and outside contour of the image boundary can be calculated by 

                                              𝜇 =
∬ 𝐼(𝑥, 𝑦)𝑑𝑥 𝑑𝑦

∬ 𝑑𝑥 𝑑𝑦
                                                            (4) 

 

Chi-square distance is applied in the enhanced image to measure the minimum distance 

between rows and columns as compared to the background image and is given by 

                                   𝐷(𝑥, 𝑦) = ∑ ∑
(𝐸(𝑥, 𝑦) − 𝜇)2

𝜎2

𝐶

𝑦=1

𝑅

𝑥=1

                                           (5) 

 

     where E(x,y) is the pixel value from the enhanced image, R and C are the rows and 

columns respectively.  The threshold function (𝑇𝑓) is set based on the skewness value of 

the minimum distances affected in leaf images and given by 

                                 𝑇𝑓 = {
1,     𝑖𝑓 𝐷(𝑥, 𝑦) > 𝑠

0,     𝑖𝑓 𝐷(𝑥, 𝑦) < 𝑠
                                                         (6) 

 

     where the skewness value is evaluated from the enhanced image can be given by the 

equation (7). 

                                        𝑠 =
𝜇 − 𝜎𝑓

𝜎
                                                                               (7) 

 

From the threshold function, when Chi-square distance is greater than the skewness 

value the output implies 1. 0 which represents the infected part of the leaf image 

Otherwise; it represents the background of the leaf image. 

 

2.3. DCT based image fusion  

DCT based image fusion is the process of combining segmented image with a 

reference image into a single one, which contains more accurate and suitable for both 

visual perception and image processing. The segmented images are divided into 8 × 8  
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blocks of size and the DCT coefficients for each block are calculated.  Then the fusion 

rule is applied, the higher value of AC coefficients is transformed into the fused image. 

A two dimensional DCT transform for an 𝑁 × 𝑁 image block 𝐼(𝑥, 𝑦) is given as 

 

𝐷(𝑢, 𝑣) = 𝛼(𝑢)𝛼(𝑣) ∑ ∑ 𝐼(𝑥, 𝑦)

𝑁−1

𝑦=0

cos (
(2𝑥 + 1)𝑢𝜋

2𝑁

𝑁−1

𝑥=0

cos (
(2𝑦 + 1)𝑣𝜋

2𝑁
)             (8) 

 

Where 𝛼(𝑢) = {

1

√𝑁
,     𝑢 = 0

√
2

𝑁
,        𝑢 ≠ 0

              and 

            𝛼(𝑣) = {

1

√𝑁
,     𝑣 = 0

√
2

𝑁
,        𝑣 ≠ 0

 

 

Similarly, the 2D inverse discrete cosine transform is defined as 

 

𝐼(𝑥, 𝑦) = 𝛼(𝑢)𝛼(𝑣) ∑ ∑ 𝐷(𝑢, 𝑣)

𝑁−1

𝑦=0

cos (
(2𝑥 + 1)𝑢𝜋

2𝑁

𝑁−1

𝑥=0

cos (
(2𝑦 + 1)𝑣𝜋

2𝑁
)                 (9) 

     

 Here 𝐷(0,0) is the DC coefficient and it represents the mean value of the segmented 

region.  Remaining coefficients are represented as AC coefficients. 

 

2.3.1. AC Max fusion method: 

The advantage of DCT is that the computational energy needed for this fusion method 

is low and images are compressed and fused easily when compared to DWT based image 

fusion.  Let the segmented image is divided into ‘N’ number of 8 × 8 blocks.  Then 

block with higher valued AC coefficients are chosen for the following two reasons.  

Firstly, the higher AC component implies more fine details from the segmented image.  

Secondly, higher AC components have higher variance. To obtain a fused DCT 

coefficient, DCT representation is carried out and transmitted in JPEF format. The 

original fused image can be reconstructed by applying inverse DCT to the fused DCT 

coefficients as shown in Figure 2. 

 

 
Figure 2.Discrete Cosine Transform based on AC MAX fusion rule 
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2.4. Feature Extraction 

 

2.4.1. Shape features: The shape of the infected part of the leaf is an important indicator 

of disease identification.  An irregular shape mainly signifies a disease image whereas 

regular leaves are symmetrical in nature. Thus, shape features are determined by 

calculating geometric features such as (i) Asymmetry index; and, (ii) Compactness Index.  

The asymmetry index is determined by the lesion mask.  Mainly the lesions are not at the 

center of the image.  So the lesion part is aligned, based on the centroid value of the 

image by using algorithm 1.   

 

Algorithm 1: 

Input: Lesion RGB Image 

 Output: Shape Asymmetry Index 

1. Segment the RGB image 

𝑀(𝑥, 𝑦) ← RGB to Segmentation 

 For every pixel 

 𝐼(𝑥, 𝑦) = 0.2989 ∗ 𝑅 + 0.5870 ∗ 𝐺 + 0.1140 ∗ 𝐵 
  Compute 𝑀(𝑥, 𝑦), where 𝑀(𝑥, 𝑦) is the lesion mask. 

2.  Aligning the center of the lesion with origin of leaf Image 

[𝑅, 𝐶] = 𝑠𝑖𝑧𝑒(𝐼(𝑥, 𝑦)) 

𝐶𝑖(𝑥) = 𝑅/2 𝑎𝑛𝑑 𝐶𝑖(𝑦) = 𝑐/2 
𝐶𝑗(𝑥)𝑎𝑛𝑑 𝑐𝑗(𝑦) = {(𝑥1 + 𝑥2)/2, (𝑦1 + 𝑦2)/2} 

 𝜎(𝑥, 𝑦) = {(𝑐𝑖(𝑥) − 𝑐𝑗(𝑥)), (𝑐𝑖(𝑦) − 𝑐𝑗(𝑦))} 

  Translate 𝑀(𝑥, 𝑦)using 𝜎(𝑥, 𝑦) 

3. Compute Asymmetry index 

(a) Symmetry over x-axis 

𝑀(𝑥, 𝑦)  Segmented Image Aligned to center 

                 Flip 𝑀(𝑥, 𝑦) to Left and Right = 𝑀𝑓(𝑥, 𝑦) 

𝑀(𝑥, 𝑦) = [𝑙𝑒𝑓𝑡𝑀(𝑥, 𝑦), 𝑅𝑖𝑔ℎ𝑡 𝑀(𝑥, 𝑦)] 

𝑀𝐿𝑅(𝑥, 𝑦) = [𝐿𝑒𝑓𝑡 𝑀(𝑥, 𝑦), 𝑅𝑖𝑔ℎ𝑡 𝑀𝐿𝑅(𝑥, 𝑦)] 

𝑆𝑥 = 𝑀(𝑥, 𝑦)^𝑀𝐿𝑅 
(𝑥,𝑦)

 
(b) Symmetry over y-axis 

𝑀(𝑥, 𝑦)  Segmented Image Aligned to center 

              Flip 𝑀(𝑥, 𝑦) to [Top and Bottom = 𝑀𝑓(𝑥, 𝑦)] 

  𝑀(𝑥, 𝑦) = [𝑇𝑜𝑝 𝑀(𝑥, 𝑦), 𝐵𝑜𝑡𝑡𝑜𝑚  𝑀(𝑥, 𝑦)] 

𝑀𝐿𝐵(𝑥, 𝑦) = [𝑇𝑜𝑝 𝑀(𝑥, 𝑦), 𝐵𝑜𝑡𝑡𝑜𝑚 𝑀𝐿𝑅(𝑥, 𝑦)] 

𝑆𝑦 = 𝑀(𝑥, 𝑦)^𝑀𝐿𝐵 
(𝑥,𝑦)

 

 

Compactness Index - Compactness is used to determine the circularity of the infected 

part of the leaf and is given by: 

                                𝐶𝑖 =
𝑃2

4𝜋𝑎
                                                                  (10) 

where 𝑃 and 𝑎 denote the perimeter and area of the lesions. 
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2.4.2. Color features: Pseudomonas solanacearum, Cercospora solani, Alternaria 

melongenea tend to exhibit three or more colors due to the presence of Bacteria in the 

upper layers of the leaf whereas Tobacco Mosaic Virus and Pythium aphanidermatum 

exhibit one or two colors.  To analyze the color of the diseased region, features such as 

color variation, and suspicious color scope are computed.  The CIEL*a*b color space is 

used to determine the color asymmetry of the infected part.  The perceived color 

difference between the infected part is determined by CIEL*a*b channels.  Algorithm 2 

provides color asymmetry steps for calculating color variation. 

Algorithm 2: 

Input: lesion RGB Image 

 Output: Color Asymmetry 

1. 𝑅𝐺𝐵 𝑡𝑜 𝐶𝐼𝐸𝐿 ∗ 𝑎 ∗ 𝑏 𝑐𝑜𝑙𝑜𝑟 𝑠𝑝𝑎𝑐𝑒 

𝐿𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = (𝐶{𝑥, 𝑦, 2) = 0 𝑎𝑛𝑑 𝐶(𝑥, 𝑦, 3) = 0) 

𝐴𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = (𝐶{𝑥, 𝑦, 1) = 0 𝑎𝑛𝑑 𝐶(𝑥, 𝑦, 3) = 0) 

𝐵𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = (𝐶{𝑥, 𝑦, 1) = 0 𝑎𝑛𝑑 𝐶(𝑥, 𝑦, 2) = 0) 

2. 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝐿𝑚𝑒𝑎𝑛 , 𝐴𝑚𝑒𝑎𝑛, 𝐵𝑚𝑒𝑎𝑛 

3. 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 ∆𝐿, ∆𝐴, ∆𝐵 𝑎𝑠 𝑓𝑜𝑙𝑙𝑜𝑤𝑠 

∆𝐿 = 𝐿𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 − 𝐿𝑚𝑒𝑎𝑛 

∆𝐴 = 𝐴𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 − 𝐴𝑚𝑒𝑎𝑛 

∆𝐵 = 𝐵𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 − 𝐵𝑚𝑒𝑎𝑛 

4. 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝐶𝑜𝑙𝑜𝑟 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 ∆𝑀 = 𝑚𝑒𝑎𝑛(√∆𝐿2 + ∆𝐴2 + ∆𝐵2) 

 

 

The suspicious color score is computed by means of the Euclidean distance between the 

RGB values of the infected pixels and the RGB values of the suspicious colors (Light 

Brown, Dark Brown, Red, Black, grey and yellow).  The suspicious color score is 

inversely correlated to the Euclidean distance.   

 

2.4.3. Texture feature: Statistical color features such as energy, entropy, contrast and 

correlation are computed from the infected region and the leaf image.  Usually, the color 

model for the leaf image is represented.  There are different color spaces to differentiate 

the color information within a leaf image.  All color models do not match the pre-

requisite color criteria to choose an appropriate color space.  The HSV, CIEL*a*b and 

CIEL*u*v color spaces are used to describe colors based on human perception.  Further, 

CIEL*a*b and CIEL*u*v are approximately perceptually uniform color model to 

identify the color properties.   

 

2.5. Hybrid Convolutional Neural Network based classification 
H-CNN is a combination of dilated and global pooling convolution model to 

recognize the brinjal leaf disease.  It is a modified form of CNN described in Figure (3). 

This structure includes 13 layers, i.e., 5 Convolutional layers, 5 pooling layer, inception, 

concatenate and softmax classifier.  Dilated Convolution kernel is placed in Convolution. 

Inception and concatenate are placed next to pooling 4.  Global pooling is added instead 

of two connected layers after Convolution 5 to avoid over fitting and reduce the number 

of parameters. Behind it, softmax classifier is used to classify the types of diseases.  

Inception, concatenation and classifier are used to activate the feature in Convolution 

layer.  Each Convolution layer is followed by a nonlinear activation function.   
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Figure 3.Hybrid Convolutional Neural Network 

 
The kernel numbers of Convolutional layers from Convolution 1 to Convolution 5 are 

96,128,192,192 and 192.  The kernel size of Convolution 1, Convolution 2, and 

Convolution 3 are 7 × 7 dpi, 5 × 5 dpi and 3 × 3 dpi, respectively.  The kernel size of 

Convolution 4, Convolution 5 and global pooling layer are each of 3 × 3 dpi.  Then the 

pooling size of pooling 1, pooling 2, pooling 3 and pooling 4 are 2 × 2 dpi in each block. 

The four Convolutional layers are trained by hybrid CNN with a number of training 

samples. The feature values are passed into the softmax classifier by applying Stochastic 

Gradient Descent (SGD) to train hybrid CNN with a fixed learning rate during the 

training phase.  The nonlinear activation function is expressed by the equation (11): 

                   𝐿(𝑠) =
1

2𝑀
∑ ||(𝐼𝑘

𝑀

𝑘=1

, 𝑠) − 𝑁𝑘||2                                                      (11) 

Where M is the size of training parameter and 𝐻(𝐼𝑘, 𝑠) is the generated output from 

Hybrid CNN with parameter set S.  𝐼𝑘 is the input image while 𝑁𝑘 is the infected part of 

the image. 

 

3. Results and Discussion 

The images are collected from various regions in the southern part of India 

(Tamilnadu and Kerala). The Brinjal leaves are collected with different diseases 

such as Pseudomonas solanacearum, Cercospora solani, Alternaria melongenea, 

Tobacco Mosaic Virus and Pythium aphanidermatum. Initially, the images are 

preprocessed for removing the noise and improve the image quality and then 

resized to 256 × 256 resolution and shown in Figure.4. 

 
  (a)             (b)            (c)                   (d)         (e)                   (f) 

 

Figure 4. Different set of Brinjal leaf samples. a) Normal leaf, b) 
Pseudomonas solanacearum, c) Cercospora solani, d) Alternaria 
melongenea, e) Tobacco Mosaic Virus and f) Pythium aphanidermatum         
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 Different types of segmentation methods such as FCM (Zhang, H., et al., 2014), K-

means (Jadhav, S.B and Patil, S.B, 2015), Expectation Maximization (Shanwen Zhang, 

et al., 2017) and Scrape Spot segmentation are applied to the preprocessed image as 

shown in Figure.5.  The FCM based segmentation appears on greyscale and not easily 

recognized as shown in Figure.5 (a). The K-means segmentation produced more contract 

information and cannot perform in high or low light appearance as shown in Figure.5 (b). 

The Expectation Maximization segmentation gives more visual information but poor 

adaptability with the shadow region in Figure.5(c).  But in Scarpe Spot segmentation can 

perform effectively in normal conditions either the light is high or low. Obviously, the 

infected parts are segmented clearly even in the tip of the leaf region as shown in Figure 

5(d). 

 
 

 
 

 
 

 
 

 
         (a)                  (b)                  (c)              (d) 

  Figure 5. Segmented images (a) FCM, (b) K-means, (c) Expectation 
Maximization, (d) Scrape Spot Segmentation 
 

Tierärztliche Praxis

ISSN: 0303-6286

Vol 39, Issue 11, November - 2019

31



 

 

From Figure (6), FCM reached the maximum number of iterations each time while the 

running time is significantly more when compared to other algorithms. While using K-

means clustering, running time and number of iterations are greatly reduced as compared 

to FCM. However, EM segmentation’s running time was significantly better than the 

previous two algorithms but still required much iteration. When using Scarpe Spot 

segmentation to segment five different diseased leaves, the number of iterations was 

fewest, the running time was shortest and the efficiency was highest. 

      

 
 
 
 
 
 
 
 
 
 
 

 
Figure 6. (a) Iteration analysis for different segmentation methods 

 
 
 
 
 
 
 
 
 
 
 
 
Figure 6. (b) Running time for different segmentation methods 

 

The fusion is done between a reference image and segmented image of Scarpe Spot 

segmentation because this segmentation recovered more infected part when compared to 

other segmentation techniques. While using DCT based AC MAX fusion rule, visual 

qualities are improved and additional information can be gathered from the single fused 

image as shown in Figure.7. 

 
Figure 7. Fused images of Leaves affected by a) Pseudomonas 
solanacearum,  b) Cercospora solani, c) Alternaria melongenea, d) 
Tobacco Mosaic Virus and e) Pythium aphanidermatum 
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Performance metric for image fusion: 

1) Mean Square Error (MSE); 

           Mean Square Error is used to compare pixels between the fused image and the 

reference image and is defined by 

 

                          𝑀𝑆𝐸 =
1

𝑀𝑁
∑ ∑[𝐼(𝑥, 𝑦

𝑁

𝑦=1

𝑀

𝑥=1

) − 𝐹(𝑥, 𝑦)]2                                       (12) 

 

     where 𝐼(𝑥, 𝑦) is the pixel value of the segmented image and 𝐹(𝑥, 𝑦) is the pixel value 

of the fused image. MSE will be practically zero when the reference image and the fused 

image are exactly the same.  It is increased dramatically as the dissimilarities increased. 

 

2) Peak Signal to Noise Ratio (PSNR) 

         The quality of the fused image is computed by using PSNR.  The PSNR is 

calculated using equation (13): 

 

                         𝑃𝑆𝑁𝑅 = 10 ∗ 𝑙𝑜𝑔10

(2𝑃 − 1)2

𝑀𝑆𝐸
                                                    (13) 

 

     where p is the number of bits per pixel (bpp) of the reference image and MSE is the 

mean square error defined by equation (12). Higher PSNR value implies the better 

quality of a fused image.  If MSE=0, then PSNR value becomes infinity which 

demonstrates ideal fusion, where fused image and the reference images are exactly 

identical. 

 

3) Structural Similarity Index Measure (SSIM) 

     SSIM is a quality measure used for object determination of fused image and can be 

evaluated using equation (14): 

 

                       𝑆𝑆𝐼𝑀 = (
2𝜇𝑥𝜇𝑦 + 𝐶1

𝜇𝑥
2+𝜇𝑦

2+𝐶1
) (

2𝜎𝑥𝑦 + 𝐶2

𝜎𝑥
2 + 𝜎𝑦

2 + 𝐶2
)                                    (14) 

 

     

 where 𝜇𝑥 and 𝜇𝑦 are means of x and y respectively.  𝜎𝑥
2 and 𝜎𝑦

2 are the variances of x 

and y respectively.  𝜎𝑥𝑦 is the cross covariance between x and y.  𝐶1 and  𝐶2 are the 

default value assigned to 0.01 and 0.03, respectively. 

 

4) Mutual information 

          Mutual information gives the amount of information from the fused image when 

compared to the reference image and calculates the similarity of the image intensity.  The 

mutual information between a reference image and the fused image is evaluated by: 

 

                     𝑀𝐼 = ∑ 𝑃(𝑥, 𝑦)𝑙𝑜𝑔
𝑃(𝑥, 𝑦)

𝑃(𝑥)𝑃(𝑦)
𝑥,𝑦

                                                       (15) 

 

     where 𝑃(𝑥), 𝑃(𝑦)  and 𝑃(𝑥, 𝑦) ) are the marginal and joint histogram of x and y.  

Higher mutual information better is the quality of the fused image. 
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Table1. Performance metric for fused image 
 

Fusion 

method 

MSE PSNR SSIM MI 

DWT 20.28 35.06 0.9643 84.6 

DCT 0 𝛼 1 97.86 

 

The average accuracy is calculated from different segmentation methods for the five 

types of diseases: such as Pseudomonas solanacearum, Cercospora solani, Alternaria 

melongenea, and Tobacco Mosaic Virus and Pythium aphanidermatum as shown in 

Table. 2. 

Table 2.Different segmentation methods for various diseases 
 

DISEASES FCM K-means EM Scrape 

Spot 

Fusion 

method 

Pseudomonas solanacearum 80.3 83.2 95.5 99.91 99.98 

Cercospora solani 81.2 85.6 95.3 99.92 99.98 

Alternoria Melongenea 78.9 80.2 95.4 99.98 99.99 

Tobacco mosaic virus 76.8 79.5 94.3 99.82 99.94 

Pythium Aphanidermatum 72.6 78.3 94.1 99.89 99.91 

Average accuracy 77.96. 81.36 94.92 99.91 99.96 

    

 It is seen from Table.3 that the shape and color feature for the segmentation technique. 

Moreover, the color feature is quite compact and is based on the observation that a small 

number of colors are sufficient to characterize the information about the leaf image.  In 

addition, the Shape features are invariant to noise as it is effectively used all the pixel 

information within the region. Scrape Spot segmentation has good results whereas the 

fused image obtained has better results than the Scrape Spot segmentation. 

                 Table 3.  Shape and color feature for different segmentation 

Segmentation Shape Feature Color Feature 

Asymmetry 

index 

Compactness 

Index 

Color 

Variation 

Suspicious 

color score 

FCM 0.75 0.23 0.56 0.547 

K-means 0.84 0.26 0.84 0.268 

EM 0.96 0.29 0.85 0.135 

Scrape Spot 0.98 0.31 0.94 0.018 

EM+ Scrape 

Spot 

0.995 0.32 0.95 0.012 
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  The GLCM algorithm is used to extract the texture features, i.e., energy, entropy, 

contrast and correlation computed from the infected part of the leaves and normal leaves.  

Their average is used as the feature vector of the training data set.  The feature data 

points are shown in Figure.8. The Figure represents a number of data points 

corresponding to the number of pixels values.  The red dot is the texture feature of the 

infected part of the leaves, corresponding to the area (A) and the blue dot is the feature 

taken away from the diseased part, corresponding to the area (B). From Figure.8 (c) and 

(d), the density and amplitude can be easily distinguished whereas the differences in 

areas A and B are obviously specified. 

 

 

 
 
Figure 8. Texture feature distribution diagram. (a) Energy distribution, (b) 
Entropy distribution, (c) Contrast distribution and (d) Correlation 
distribution 
 

From Table 4, it can be seen that Hybrid CNN outperforms dilated CNN and Global 

pooling CNN in terms of accuracy and training time. The reason is that hybrid CNN 

adopts both dilated CNN and global pooling having multiscale Convolutional kernel to 

improve the recognition rate whereas in dilated CNN and global pooling calculation, and 

convergence time is taken to evaluate its large number of weight parameters due to the 

use of the fully connected in each Convolutional layer. 

 

Table 4. Comparison of brinjal disease recognition 
 

Methods Training time (h) Testing time (s) Accuracy 

Dilated CNN 2.2 19 92.4 

Global 

Pooling CNN 

1.3 13 94.6 

H-CNN 0.5 2 99.6 

    

  

From below Figure.9, it is seen that the average recognition rate for both dilated CNN 

and global pooling CNN are around 86.59 % which is lower than the average recognition 

rate for Hybrid CNN of 99.2 %.  Moreover, Hybrid CNN begins to converge, when 

iterations reached around 60,000 times.  But in dilated CNN and global pooling, stable 

recognition occurs, when iterations start above 90,000 times.  After the recognition is 

performed, the training model is implemented on the training set. 
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Figure 9. Recognition rate for different classification. 

 

The novel aspects of the method is summarized as follows: In the work, Scrape 

Spot segmentation is proposed for distinguished the healthy and unhealthy region based 

on characteristics by hierarchical structures of the leaf especially in the margin of the leaf 

image and it is a valuable approach, which can significantly sustain an accurate detection 

of leaf based diseases in a little computational effort. Similarly, Dilated and Global 

Pooling CNN does not provide a faster running time in practice. It takes number of 

iterations in each training phase. While using the Hybrid Convolutional Neural Network 

is employed by using less processing time and tends to increase the classification 

accuracy by decreasing the iteration. 

 

4. Conclusion  

In this paper, a novel algorithm has been proposed to segment the infected part 

from the brinjal leaves against a complex background which in turn improves better 

segmentation results. Further, the image fusion method has been introduced by 

decreasing the iteration rate and hence the computational time is low.  The 

experimental results from 1,500 images have shown that the average accuracy is 

over 99.96 percent. The hybrid CNN has been found good in classification 

performed with significant improvement by identifying the diseases in the brinjal 

plant.  Moreover, proper precaution and prevention can be carried out to improve 

the yields of the brinjal plant. 

 

5. Acknowledgments 

I would like to thank my parents and colleague for their excellent support in writing 

this article.  

 

 

Tierärztliche Praxis

ISSN: 0303-6286

Vol 39, Issue 11, November - 2019

36



 

 

6. References 

6.1. Journal Article 

[1] Sandesh Raut and Amit Fulsunge, “Plant disease detection in image processing 

using matlab” International Joural Of Innovative Research In Science, Engineering 

and Technology (IJIRSET), vol. 6, no. 6, (2017),  june 2017.  

[2] Prakash and Manikar, et. al., “Plant leaf disease detection and classification using 

image processing techniques” International Journal of Innovative and Emerging 

Research in Engineering (IJIERE), vol. 2, no. 4, (2015), e-ISSN: 2394-3343, p-ISSN: 

2394-5494.  

[3] Pallavi S. Marathe, G.H. Raisoni, Savitri Phule, et al., “Plant disease detection 

using digital image processing and GSM”, IJESC, vol. 7, no. 4, (2017), April 2017.  

[4] S. Ananthi and S.V. Varthini, “Detection and Classification of plant leaf diseases”, 

International Journal of Research in Engineering and Applied Sciences, Vol. 2, no. 2, 

pp.763-773, (2012), February 2012. 

[5] P. Chaudhary et al., “Color Transform Based Approach for Disease Spot Detection 

on Plant Leaf”, International Journal of Computer Science and Telecommunications, 

Vol. 3, no. 6, (2012), June 2012. 

[6] Darshana A et al., “Segmentation method for automatic leaf disease detection”, 

IJIRCCE, Vol. 3, no. 7, (2015), pp.1-7.  

[7] Barbedo J.G.A, et al., “Identifying multiple plant diseases using digital image 

processing”. Bio System Eng.  vol. 147, (2016), 104–116 

[8] Mallikarjuna P.B and Guru DS, “Performance evaluation of segmentation of frog-

eye spot lesions on tobacco seedling leaves”. Advances in computer science and 

information technology. (2012). 

[9] Valliammal N and Geethalakshmi SN, “Leaf image segmentation based on the 

combination of wavelet transforms and K means clustering”. Int J Adv Res Artifical 

Intelligence.vol. 3. (2012). 

[10] Zhang, H et al., “Effective fuzzy clustering algorithm with Bayesian model and mean 

template for image segmentation”, IET Image Process, vol. 8, (2014), pp 571–581. 

[11] Jadhav, S.B and Patil, S.B, “Grading of soyabean leaf disease based on segmented 

image using k-means clustering”, Int. J. Adv. Res. Electron. Commun. Eng., vol. 4, 

no. 6, (2015),  pp. 1816–1822. 

[12] Shanwen Zhang et al.,”Fusion of superpixel, expectation maximization and PHOG 

for recognizing cucumber diseases”. Computers and Electronics in Agriculture, vol. 

140, (2017), pp 338-347. 

 

6.2. Conference Proceedings 

[13] Sachin Khirade and A.B. Patil, “Plant disease detection using image processing” 

International Conference and Computing Communication Control and Automation, 

IEEE, (2015), pp. 978-1-4799-6892. 

[14] Santanu Phadikar and Jaya Sil, “Rice disease identification using pattern 

recognition techniques” 11th International Conference on Computer and 

Information Technology, (2008), IEEE, PP. 1-4244-2136-7/08.  

Tierärztliche Praxis

ISSN: 0303-6286

Vol 39, Issue 11, November - 2019

37



 

 

[15] Dheeb Bashish, Malik Barik et al., “A Frame work for detection and classification of 

plant leaf and stem diseases” 2010 International Conference on Signal and Image 

Processing, IEEE, (2010), pp. 978-1- 4244-8594-9/10. 

[16]  Zulkifli Bin Husin, et al., “Feasibility study on plant chili disease detection using 

image processing techniques” 2012 3rd International Conference an Intelligent 

Systems Modelling and Simulation, IEEE, (2012), pp. 978-0-7695-4668- 1/12. 

[17] W. Abudullakasim and J. Unartngam, “Assessment of the severity of brown leaf spot 

disease in cassava using image analysis”, The International conference of the Thai 

Society of Agricultural Engineering, (2012).   

 

  

 

 

S.Abisha received the B.E. degree in Electronics and Communication 

Engineering in 2012 and M.E. degree in Communication Systems in 2014. 

Currently, she is pursuing Ph.D degree at Anna University, Chennai. 

Currently, she is working as an Assistant Professor in the Department of 

Electronics and Communication Engineering at RIIT for Tamilnadu, India.  

My research interest includes Image Processing for detecting defects in 

plants. She has published more numbers of papers in conferences in his 

areas of interest.  
 

 

 

 

 

 

T Jayasree, she completed her BE degree from Barathidasan 

University, Trichy in 1997 and ME from Govt. College of Technology, 

Coimbatore in 1999. She completed her Ph.D. degree from Anna 

University Chennai in 2011 in the area of signal processing. She has 

more than 15 years of teaching experience. Presently, she is working as 

an Assistant professor in the Department of ECE in Govt. College of 

Engineering, Tirunelveli, Tamilnadu, India. She has published many 

papers in National and International Journals and conferences. Her area 

of interest is signal processing applications in power quality, speech 

processing, Biomedical signal processing. 

 

Tierärztliche Praxis

ISSN: 0303-6286

Vol 39, Issue 11, November - 2019

38


